In this paper, we present techniques that can aid a designer in the conceptual stage of a design process to compare and select combinations of subsystem design choices that are coupled. We focus on coupled selection problems where the amount of available information about the coupling could vary from small to large.
Introduction
The design of complex engineering systems consists of the selection and integration of a large number of subsystems. A critical stage in the design process of such systems is conceptual design where several subsystem teams each have their own set of possible subsystem designs. Each subsystem team must select a design from their set of choices based on their individual objectives. These subsystems are usually coupled, which implies that the performance of one depends upon the choice of another subsystem. For example, consider two design teams in a simplified automotive problem, the engine designer and the radiator designer. If the engine generates too much heat for the radiator to dissipate, the total system may not function even though each separate subsystem functions well in isolation. A general system conceptual design problem, involving the coupled selection of a number of subsystem designs can be represented in Figure 1 . Each column of nodes represent a subsystem, each node represents a subsystem alternative, and the arcs connecting nodes are the couplings between subsystem alternatives.
In this paper, we focus on 1) obtaining a set of designs from a large pool of subsystem combinations that could be used for more detailed analysis in the later stages of the design process, and 2) representing the compatibility relationships between a given set of subsystems in order to ensure system level feasibility. We introduce the technology base of the paper, then present a brief description of the general approach and present preliminary results for a passenger aircraft conceptual design study. 
Technology Base
In this section, we explain the primary technology base for this paper, graph theory and Taguchi's Quality Function.
Graph Theory
We represent a coupled selection problem as a network problem as in Figure 1 and solve it using graph theory techniques 1 . A graph, or network 2 , is defined by two sets of symbols: nodes and arcs. Consider the slightly modified network represented in Figure 2 1 . Nodes are represented as bubbles, arcs are represented as the lines connecting the nodes, and the arrows indicate the direction of motion. Each arc in a network can be considered to have a weight/length associated with it. The weight on an arc could be a measure of some attribute associated with the nodes. For example, the weight on the arc (A, D), where A and D represent cities, could mean the distance between the two cities or the time taken to reach city D from A. The problem of finding the shortest path (path of minimum weight/length) from node A to any other node in the network is known as a shortest path problem.
A typical discrete design selection problem may involve the integration of several subsystems, each having a number of design alternatives. In order to represent such a situation as a graph, we can consider the subsystem alternatives as the nodes and the arcs between any pair of nodes representing the compatible relationship between them. The weights on the arc could describe the strength of the compatibility relationship between the nodes it connects.
Taguchi Quality Function
The weights on the arcs of the graph needs to be represented on a common scale of units. In the case of engineering problems, most objective functions from different subsystems have different units of measurement 3 . We use the Taguchi quality loss function 4 to represent the coupling information on a consistent scale. Three different classes used to represent the preferences of attributes CIB is given as: L(y) = Ky 2 for y> y 0 and, L(y) = K/y 2 for y< y 0 and, L(y) = 0.01 for y=y 0 The value of y that gives a lower loss function is preferred.
Graph Theoretic Model Formulation
An important aspect of modeling a discrete selection problem using graph theory is the representation of the weights on the arcs. The weight on an arc represents the compatibility of the nodes connected by the arc. For example, in the automotive problem, assume that the radiator designer has two designs R1 and R2, and the engine designer has two designs E1 and E2. The graphical setup for the problem is as shown in Figure 4 . There are directed arcs connecting the sets R and E but not within the sets themselves due to the absence of relationship between alternatives within each node set. If the graph were undirected (having arcs without arrows), more than one subsystem alternative could be selected, which is to be avoided. So representing the problem as a directed graph is more appropriate if we need to choose one node from each node set.
The nodes S and T represent the start and terminal points and are not subsystem designs but dummy nodes. These have been used to show how the control is transferred from node to node on the graph. The arcs are a representation of all possible combination of designs of the two subsystems. Note that the arcs directed towards R1, R2, E1 and E2 have weights but not the ones directed into T and S. In Figure 4 , the radiator designer rates their designs based on efficiency. The loss function they attribute to their designs, R1 and R2 are 0.5 and 0.7 (these are example loss values, and do not represent any actual study). The engine designer gives loss function values of 0.8 and 0.4 to their engine designs, E1 and E2, respectively, based on the thrust produced. These values are used as the weights on the graph and they are all measured on the same scale. From the loss function values of the designs we see that the radiator designer prefers R1 to R2 and the engine designer prefers E2 to E1. The individual preferences are the initial weights on the graph and are based only on local performance information. However, a radiator that functions effectively with one engine might not be able to cool another, more powerful engine. Therefore, heat transfer could be the compatibility measure and the weights on the graph would get updated based on a penalty quantifying the difference between the amount of heat the radiator dissipates and the amount the engine generates, represented as a Taguchi loss function value.
The solution technique involves repeated application of the shortest path algorithm 1 with the weights on the arcs being updated by the addition of penalty value(s). This penalty is problem dependent and is decided on the basis of compatibility considerations between the subsystems. The general procedure for the modified shortest path algorithm is as follows: STEP 1: Define the nodes and arcs of the graph and input the weights on the arcs. Input the number of subsystem combinations required and the maximum number of iterations allowed. Define the desirable range for the penalty. This is the allowable compatibility variation between the subsystems. If a number of compatibility relationships are present the overall penalty could be obtained as a weighted average.
STEP 2:
Begin at S, and find the shortest path connecting the nodes of the directed graph. A list of the n best designs is generated. These can then be embodied further to determine the overall best concept.
Aircraft Case-Study
The design of a passenger aircraft is used as a case study. The objectives of the design are to achieve a cruise range between 3000 km and 5000 km and a take-off weight between 120,000 kg and 230,000 kg. The three subsystem designers are fuselage, wing and engine. The various subsystem alternatives (Alt.) and some of their representative characteristics are given in Table 1 5,6,7,8 . The attributes given for each subsystem are only a partial list due to space restrictions. These characteristics are used to calculate both the individual preferences and compatibility relationships.
Each design team has individual objectives. The fuselage designer ranks their concepts based on the payload, sets a target payload of 70,000 kg, and uses a class2 loss function to model this attribute. The wing designer prefers a wing with the highest lift-todrag ratio, sets of target value of 18, and uses a class2 loss function. The engine designer prefers an engine that produces a cruise thrust greater than or equal to 50,000 kN, and uses a class2 loss function. The thrust-to-weight ratio at take-off and wing loading during cruise segment are used as measures for the compatibility of the subsystems. A value of 0.275 is preferred value for thrust-to-weight and a value of 5500 kg/m 2 is the preferred value for wing loading. A class3 loss function is used for the compatibility measures. The overall penalty is calculated based on a equally weighted average of the two compatible relationships. A maximum of 10 n iterations is allowed where n is the number of American Institute of Aeronautics and Astronautics design combinations required for further study. The number of iterations is decided by the designer based on the size of the problem and computational resources. Weight of wing (kg) (L/D) C Actual cruise lift-to-drag ratio Atmospheric properties used in the calculation of cruise range and other parameters were taken from 9 .
Results and Discussion
In the algorithm, we look for a set of good designs that are feasible or close to feasible. We quantify these using the quality loss function penalty. The designer specifies an allowable deviation from the nominal for the compatibility property in order to account for use of approximate information and also to find out alternative combinations which are close to being compatible in order to explore them later. This allowable deviation when translated into loss function gives us a penalty range. In this study, we accept a design if its penalty value is between (0, 0.45). Therefore, we accept feasible and some near feasible designs. We also use a value of n=7. The design combinations obtained in the order of [fuselage, wing, engine] are given in Table 2 : When only the thrust-to-weight compatibility for a penalty range of (0, 0.1) was used the results obtained are as shown in Table 3 . In the case where both thrust-to-weight and wing loading are used to calculate the penalty, a requirement of seven subsystem combinations is satisfied only for a range of penalty as wide as (0, 0.45). This is due to the absence of certain wing data which could have helped in obtaining wing loading more accurately, and reducing the penalty range.
The subsystem alternatives are components of existing aircraft. The subsystem alternatives with the same design number belong to the same aircraft. Thus, fuselage 3, wing 3 and engine 3 are from a DC 10 and so on. So, the penalty values ideally should be zero for subsystems with the same design number. However, in the conceptual design stage, detailed information is not known and thus compatibility is based only on general information available at the time. This is precisely why we determine a number American Institute of Aeronautics and Astronautics of good designs, so that they can be analyzed in greater depth using more information as the design process continues.
Future Direction
More flexibility in representing weights of the graph could help to make the problem more realistic. There are certain limitations in using Taguchi's quality loss functions. In order to calculate the constant of proportionality 'k', we need to know the loss associated with the nominal value. In the absence of such information, the value for loss has to be assumed. It might get exceedingly troublesome when a asymmetric behavior for CIB is assumed. So, use of physical programming lexicon 3 which offers more flexibility is being considered in place of Taguchi's loss function. Also, the effect of ordering of subsystems on the overall design is also being explored. Use of game theory protocols to gain insight about subsystem ordering is also considered for future work.
